ABSTRACT The concept of haplotype blocks has been shown to be useful in genetics. Fields of application range from the detection of regions under positive selection to statistical methods that make use of dimension reduction. We propose a novel approach ("HaploBlocker") for defining and inferring haplotype blocks that focuses on linkage instead of the commonly used population-wide measures of linkage disequilibrium. We define a haplotype block as a sequence of genetic markers that has a predefined minimum frequency in the population and only haplotypes with a similar sequence of markers are considered to carry that block, effectively screening a dataset for group-wise identity-by-descent. From these haplotype blocks we construct a haplotype library that represents a large proportion of genetic variability with a limited number of blocks. Our method is implemented in the associated R-package HaploBlocker and provides flexibility to not only optimize the structure of the obtained haplotype library for subsequent analyses, but is also able to handle datasets of different marker density and genetic diversity.
Introduction

1
O ver the years, the concept of haplotype blocks has been 2 shown to be highly useful in the analysis of genomes. 
57
The imputation algorithm of BEAGLE uses a haplotype library 58 given by a haplotype cluster (Browning and Browning 2007) .
59
The haplotype library in BEAGLE, which is used to initialize a
60
Hidden Markov Model for the imputing step, is only given in 61 a probabilistic way. This means that there are no directly un-62 derlying haplotype blocks that could be used for later statistical 63 application.
64
Our goal is to provide a conceptualization of haplotype blocks 65 that can capture both population-wide LD and subgroup-specific 
Materials and Methods
97
The aim of HaploBlocker is to represent genetic variation in a node to node (cluster-building). As locally similar allelic se-117 quences are grouped together, this step also handles robustness 118 against minor deviations (e.g. calling errors). In the second ma-119 jor step, we identify candidates for the haplotype library based 120 on the window cluster. We call this step block-identification and 121 use it to generate a large set of haplotype blocks. In the third and 122 last major step (block-filtering), the set of candidates is reduced 123 to the most relevant haplotype blocks and thereby the haplo-124 type library is generated. In addition to specifying the physical 125 position of each block, we have to derive which haplotypes are 126 included. The fact that blocks are subgroup specific makes the 127 identification of the most relevant blocks complicated so that 128 we split this task into two separate, but closely connected steps
129
(block-identification and block-filtering).
130
Minor steps in our procedure are cluster-merging and block- given, in case one is mostly interested in more common or even 219 rarer allelic sequences.
220
As an example for the cluster-merging-step consider a dataset In case all included haplotypes transition into the same node 276 in the first window, the block could be extended even further. 
Here w l and w n represent weighting factors with default 291 values w l = 1 and w n = 1. Note that only the ratio between 292 both parameters matters.
293
Based on these ratings we determine which haplotype block is 294 the most relevant in each single cell of the SNP-dataset matrix.
295
Iteratively, the blocks with the lowest number of cells as the dataset (MCMB). The overall effect of w l and w n is higher when 326 more candidates were created in the block-identification-step.
327
Block-extension
328
The haplotype blocks that have been identified in the previous Supplemental Material (Table S1 ). Overall, results were similar.
450
Recovering founder haplotypes 
Block-based EHH & IHH
471
The extended haplotype homozygosity statistic (EHH, (Sabeti 472 et al. 2002 (Sabeti 472 et al. , 2007 ) is defined as the probability of a segment
473
between two markers to be in IBD and can be estimated as:
Here N is the total number of haplotypes and n i is the number 475 of occurrences of a given allelic sequence between the markers. Figure S1 ).
496
Overall, bEHH can be seen as an approximation of EHH. phase-its=15).
527
Secondly, we used a dataset containing n = 48 S 0 plants from 528 KE being generated from the same seed batch as the DH-lines.
529
Since S 0 are heterozygous this corresponds to n = 96 haplotypes.
530
Genotyping and quality control was performed in the same way 
576
In the following, we will show and discuss the influence of 577 certain parameter settings on the resulting haplotype library.
578
Results will be evaluated according to the number of blocks, settings with a target coverage should be sufficient.
588
Effect of change in the MCMB
589
The MCMB affects both the number of blocks and the coverage 590 of the dataset ( we refer to the Supplementary Material ( Figure S3 ).
602
Controlling length and number of haplotypes per block
603
The window size chosen in the cluster-building-step has a note- the coverage in the test set was below that of the training set, (Table 6 ). As one would expect, the share of variance explained Table 5 Influence of using the extended-block-identification on the haplotype library in dependency of the parameter t of the extended-block-identification-step for chromosome 1 in the KE DH-lines. (Table 7) 677 with three markers, five haplotypes and a genomic value of 1 678 for the allelic sequence 111. When assuming no environmental (Table 7) , whereas a block dataset allows for a 685 natural model of effects caused by local interactions.
686 Table 7 Estimated genomic values using an OLS model assuming additive effects of single markers. haplotypes.
Allelic sequence Genomic value
770
In a second step, we manually adapted the window size library is largely independent of the marker density (Table 9) .
775
The length of the blocks is decreasing, whereas the number fewer overall blocks needed to obtain similar coverage.
786 
Block-based selection signatures
824
When deriving EHH and bEHH scores, we can observe that 
Conclusions and Outlook
867
HaploBlocker provides a natural technique to model local epis- 
885
It should be noted that by using blocks, an assignment of ef- an application to sequence data is perfectly possible.
897
HaploBlocker provides an innovative and flexible approach to 898 screen a dataset for block structure. 
